ABC-SMC estimation under the BDM 140
To infer the epidemiological parameters imprinted on each phylogenetic tree, we employed 141 an ABC-SMC method (Toni et al., 2009) . In ABC-SMC, a series of parameter values (of-142 ten termed particles) are first sampled from the prior distribution. These particles are 
151
The ABC-SMC approach presented here was based on the nLTT R package developed 152 by Janzen et al. (2015) . However, modifications were made to the original source code 153 (version 1.1, accessed December 7, 2015) to increase functionality and range of applica-154 bility. Specifically, the prior for the density function was changed from a normal prior to 155 a uniform prior on [0, 5], so that it is consistent with the uniform prior used to generate 156 the birth-death parameters (λ and µ). Such a prior also covers the most realistic values gression, such that the value at time t (current step in the sequence) is t = 0 exp(−0.5t), 165 starting from an 0 = 0.2. For each iteration of the SMC algorithm, 1000 particles were 166 used, and convergence was assumed when the acceptance rate of the proposed particles 167 dropped below 0.001.
168
Although the performance of ABC-SMC samplers has historically been superior to 169 that of the basic rejection sampler and ABC-MCMC (Lenormand et al., 2013; Toni et al., 170 2009), the efficiency of the ABC-SMC algorithm hinges on the choice of an appropriate 171 summary statistic for the data. Given that the data observed here are in the form of 172 phylogenetic trees, we hypothesized that the normalized LTT (nLTT) curves of each tree 173 would serve as appropriate summary statistics. Using these curves, two phylogenies can 174 effectively be summarized and compared against one another. We therefore implemented 175 this summary statistic into our ABC-SMC algorithm as a means of comparing our sim-176 ulated and observed phylogenies. We calculated the nLTT statistic using the function 177 nLTTstat from the R-package nLTT in R 3.2.1 (Janzen et al., 2015) .
178
Performance assessment 179 We simulated birth-death trees under several epidemiological scenarios in order to assess 180 the ability of our method to infer both removal (µ) and transmission (λ) rates accurately.
181
The parameters used in this model were λ, µ, ρ (sampling probability), T (total number 182 of extant tips), and epidemic age. The possible empirical values for λ and µ were based on 183 a geometric sequence from 0 to 5 with common ratio 1.5, yielding values {0.5, 0.75, 1.125, 184 1.6875, 2.53125, 3.796875} for λ and {0.15, 0.225, 0.3375, 0.50625, 0.759375, 1.1390625} 185 for µ. The parameter µ was restricted as to be smaller than λ in order to avoid simulating 186 uninformative phylogenies. Trees were simulated with sampling probabilities (ρ) of 1, 0.5, 187 and 0.25. The number of taxa (T) was set to 500, 1000, 10,000, and 20,000. Age was Using the two trees obtained through the relaxed molecular clock analyses, we applied 213 our ABC-SMC algorithm to the Swiss HIV data. The empirical estimates for parameters µ 214 and λ were obtained for Regions 1 and 2. As the sequence data deposited in GenBank (252 215 + 318 sequences) is a subset of the data used in Kouyos et al. (2010) (n = 5700), we tested 216 whether further subsetting of the data would return consistent parameter estimates. For 217 this, we split each alignment into two sub-alignments, and ran the ABC-SMC algorithm 218 again. This procedure was conducted ten times, yielding twenty sub-alignments. All the 219 scripts and data we used have been deposited at github.com/sarisbro.
220

Results and Discussion
221
To alleviate the computational burden incurred by rigorous epidemiological modeling and 222 MCMC sampling, we re-implemented an epidemiological model employing an ABC-SMC 223 sampler. We first validated our approach by means of an extensive simulation study, and 224 then tested our ability to distinguish sub-epidemics using data from the SHCS. Such quick convergence supports our hypothesis that the nLTT is an appropriate and 231 informative summary statistic, given the nature of our data. While previous authors 232 (Janzen et al., 2015) compared the performance of the nLTT to other phylogenetic sum-233 mary statistics within an ABC-SMC framework, the parameter space they explored was R 0 approaches 1, the correlation coefficient peaks, and standard errors for point estimates 260 increase significantly. Such a pattern can be observed in Figure 3 . This correlation thus 261 contributes to the identifiability constraints we observed here.
262
Although the correlation between these two parameters has been examined in previous 263 studies (Capaldi et al., 2012; Li and Vu, 2013; Wu et al., 2008) , there is still no consensus 264 on how identifiability constraints can be overcome. It has been noted that the time at 
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Our results also suggest that accuracy is solely affected by the number of taxa on the 276 simulated tree. Essentially, as the number of taxa increases, our ability to accurately infer 277 these epidemiological parameters increases as well ( Figure 2) . Accuracy is particularly 278 high for trees simulated with 1000 or more sequences (Figure 1 ). Recent studies have 279 also noted that parameter inference using the BDM is biased towards larger population 280 sizes (Stadler et al., 2012; Boskova et al., 2014) . This suggests that larger phylogenies 281 provide much more information about the dynamics of an epidemic, thereby facilitating 282 the process of parameter inference. Uniquely here, we also find that sampling intensity 283 (ρ) and age bear no statistically significant impact on accuracy (Figure 4) . These results suggest that our approach is robust to most sampling designs (sampling effort and/or 285 genetic diversity) and epidemic ages.
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Swiss HIV-1 parameter estimates 287 We applied our method to HIV-1 sequence data from the Swiss HIV Cohort Study (Cohort 288 profile, 2010). Using the two dated phylogenetic trees obtained from the relaxed clock 289 analyses, we inferred the transmission and removal rates for Regions 1 and 2. We tested 290 whether our method was capable of distinguishing between the transmission dynamics of 291 these two geographically similar but culturally distinct samples.
292
While the trees corresponding to each region ( Figure 5A-B) suggested that the two 293 phylogenies were very similar with respect to topology, our algorithm recovered two dis-294 tinct epidemiological patterns ( Figure 5C ). The contour plots represent the joint posterior 295 distribution of λ and µ approximated by the ABC-SMC algorithm for the two regions. Table 1 . Estimates using the upper and lower bounds of the 95% HPD intervals for age 300 are listed in Table 2 for reference.
301
Our results indicate that during the Swiss HIV epidemic, Region 1 had a higher 302 growth rate than Region 2, suggesting that the pathogen was spreading at a faster pace 303 throughout the population. Moreover, Region 1 had a higher basic reproductive ratio than 304 Region 2 (Table 1 ). The R 0 estimates for Regions 1 and 2 are significantly greater than 1, 305 indicating that the probability of infection and the extent of spread of the disease within 306 these regions in Switzerland were high. While this is in line with previous predictions 307 based on samples from the Swiss HIV Cohort Study (Stadler et al., 2012) , no study to Frost, S.D., Volz, E.M., 2010. Viral phylodynamics and the search for an 'effective number Notes-a Ages (in years) were obtained from BEAST analysis and were used to condition the ABC-SMC sampler.
448
b The 95% highest probability density (HPD) interval is defined as the shortest interval that contains. 
